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Abstract

The Raute community of Nepal is the one of the last remaining nomadic indigenous groups. Which exhibits a unique lifestyle
centered on adaptation, mobility, and resource management. Their dynamic movement patterns, decision-making hierarchy, and
sustainable utilization of resources provide inspiration for a novel computational approach. Which is called the Raute
Metaheuristic Algorithm. This algorithm applies key aspects of the Raute people's survival strategies to address complex
optimization problems. The Rautes continuously migrate to locate optimal resources while avoiding depletion and the Raute
Algorithm dynamically balances exploration and exploitation. This is inspired by the Raute leadership structure which has its
hierarchical decision-making model allows solutions to adapt based on the best-performing agents. Therefore, it preventing early
convergence and ensuring an efficient search for global optima in high-dimensional spaces. Also, the algorithm integrates a
resource-based movement probability function and which ensuring strategic migration away from low-quality solutions. To
validate the effectiveness of the Raute Algorithm it is apply to the Rastrigin function. Which is a well-known multimodal
benchmark problem in optimization. Comparative analysis with Particle Swarm Optimization (PSO) and Ant Colony
Optimization (ACO) shows that the Raute Algorithm achieves competitive accuracy. It improves the convergence speed, and
superior robustness in avoiding local optima. A comprehensive attribute comparison highlights its scalability, adaptability, and
computational efficiency which making it particularly well-suited for dynamic and real-time optimization challenges. The Raute
Algorithm presents substantial opportunities in real-world domains beyond theoretical applications which including engineering
optimization, artificial intelligence, supply chain management and data science. This research not only enhances computational
innovation but also highlights the importance of cultural heritage in shaping innovative problem-solving methodologies while
integrating indigenous wisdom into computational intelligence. The Raute Algorithm is the findings which is nature-inspired and
human-centric approaches: contribute to the next generation of efficient and adaptive metaheuristic techniques.

Keywords

Raute Algorithm, Metaheuristic Optimization, Nomadic Search, Rastrigin Function, Computational Intelligence,
Indigenous Knowledge

1. Introduction

The Raute community of Nepal is one of the last remaining  the mid-western hilly regions of the country which including
nomadic indigenous groups. They are primarily residing in  the districts of Dailekh, Surkhet, and Salyan. The Rautes are
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traditionally known as hunter-gatherers and relying on forest
resources for their livelihood. They hunt monkeys and small
animals, collect wild fruits, and craft wooden items such as
utensils and boxes, which they trade for food and necessities
with nearby settled communities. Their social structure is
strictly hierarchical and makes key decisions for the group by
"Mukhiya”, known as the chief of the group. Although the
external influences, they have maintained their distinct lan-
guage, customs, and traditions. The Raute culture is
well-grounded in oral storytelling, music, and dances, which
they perform during their gatherings. They avoid permanent
settlements and believing that their wandering lifestyle is tied
to their identity and spiritual beliefs. The Raute community
don’t engage in agriculture and they don’t have their own land
because it contradicts their traditional culture as they believe.
Their deeply connected nomadic heritage and unique way of
life can’t resist assimilation into mainstream society. They
oppose in preserving their culture identity and traditions,
although facing the modern challenges such as deforestation
and government led resettlement efforts [1].

A algorithmic concept known as the Raute Algorithm in-
fluenced by the unique lifestyle of the Raute community
which draws parallels from their adjustable and nomadic
nature. Raute people constantly change position in search of
resources while maintaining a sustainable balance with their
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environment. Raute Algorithm is optimized for dynamic
problem-solving, adaptability and optimization in algorithmic
processing. This algorithm replicates the Raute’s approach of
navigating new opportunities while avoiding reduction of a
single resource which making it useful for resource allocation,
optimization problems and artificial intelligence applications.
The structure of classified decisions of the Raute inspired the
algorithm to make systematic decisions in an unknown envi-
ronment. The Raute’s social and cultural adaptability illus-
trates how the algorithm can manage changes to parameters,
alter the unexpected inputs, despite modern influences. The
Raute’s Algorithm recognizes the importance of traditional
knowledge while improving computing efficiency and
adaptability through indigenous wisdom [2].

Figure 1. Raute community cultural program.
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Figure 2. Raute community locations.

1.1. The Raute Community: A Cultural and
Behavioral Inspiration

The Raute people are often called "the last nomads of Ne-
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pal". They are a local community chiefly living in the remote
wooded environments of mid-western Nepal, part of Dailekh,
Surkhet and Dang. The Raute is one of the tribes of the Him-
alayas with its distinctive lifestyle nomadic tribes, who are
continually seeking and closed their fate of the forest.
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1.1.1. Nomadic Lifestyle

The Rautes are highly competent craftsmen and have a
reputed lineage of carving wooden idols. They skillfully
shape wooden bowls, boxes and numerous historical artefacts
which they barter for grains and other such essential products.
They lead a very adaptive lifestyle, moving regularly for the
best resources - be they old growth timber, or advantageous
environmental conditions. Their nomadic existence is not a
lifestyle choice but an option that allows them to maintain
their culture. They continue to have a strong bond with man
and environment through sustainable engagement and con-
servation of natural resources. They decide to temporarily
settle, they protect both their traditions and culture and live in
harmony rather than trying to dominate it [1-4].

1.1.2. Decision-Making and Adaptation

As a nomadic group, the Rautes depend on collective de-
cision-making to decide when and where to go. This allows
their migrations to connect both with functional needs and
cultural practices. Their paths show a delicate balance be-
tween exploring for novel opportunities in uncharted territo-
ries, while harvesting the benefits an already densely popu-
lated resource-rich area affords. This flexible questioning
enables them to follow their customary practice with less
environmental harm. They superimpose the fluctuations of
their shifting circumstances to lower risks and secure the
longevity of their pastoral way of life. The behavior and ad-
justment efforts of the Raute’s helps them for the accumulated
experience and strong ecological awareness [5].

1.1.3. Survival Strategies

The Rautes lean on traditional knowledge and diligently
handed down through generations to manage resources and

sustain their way of life. This vast understanding of their
environment allows them to adapt efficiently and help for
sustain in the absence of substantial external support. Their
capability to succeed in such difficult situation speaks to their
strength and wisdom. They have an extensive understanding
of how to adjust and plan ahead. lessons that can inspire us in
many ways. Their traditional knowledge instructs and lessons
that can inspire us in in many ways, which is the significance
of smart decision-making and thinking in long-term.

1.2. How the Raute Customary Way of Living
Figures the Algorithm

The Raute Metaheuristic Algorithm is influenced from the
following key features of the Raute community [5]:

Dynamic Adaptation

The algorithm responds adaptively between exploration
and exploitation and ensuring efficient direction of the solu-
tion space as the Rautes adjust their migration trend based on
environmental conditions.

Resource Optimization:

The Rautes demonstrate optimal resource management
during their migrations. Similarly, this idea is used by
avoiding nonessential work and only focusing on the most
effective solution in an algorithm.

Collective Decision-Making: The Rautes reach a conclu-
sion by working together as a group. The algorithm employs a
group approach and different possible solutions cooperate to
find the best optimum result in the same way.

Enhancing search diversity:

The Raute continues shifting to avoid using up all the re-
sources in one place. In the same way, the algorithm imple-
ments this principle by avoiding getting stuck in one solution
and keeps seeking for best solutions.
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Figure 3. Building block of Raute algorithm.

1.3. Raute Metaheuristic Algorithm

1.3.1. Inspiration

The calculation system operates according to the unique
practices of the Raute community. The Raute community
searches for new prospects while utilizing resourceful strate-
gies to deal with environmental adjustments. They achieve
sustainable operations and risk reduction through the method
of resource distribution between exploration and utilization of
present assets. The ability of groups to base their decisions on
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unreliable conditions helps developing precise algorithms
which manage complex systems efficiently.

1.3.2. Key Features

Exploration and Adaptability: The algorithm is searching
and trying to adjust to new unexpected situations which ac-
cording to the Raute community is the way to search. The
algorithm behaves like the Rautes to test efficient alternatives
when moving to better options.

Resource Optimization: This optimization algorithm is
driven from the Raute’s economical use of finite availability.
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This algorithm assures that the available computational or
operational resources are utilized effectively. This principle
avoids waste and maximizes output which aligning with the
Rautes’ sustainable living practices.

Influential Decision-Making: The algorithm understands
through the method of Rautes adjust to their surroundings.
The algorithm enhanced in real-time to find the best solutions
while as they adjust their movement and decisions based on
changing situation. It handles the problems in a smart and
balanced way by staying flexible and focusing on sustainable
stability.

2. Literature Review

Optimization algorithms help to face complex problems in
areas such as engineering, Al, logistics and data science.
Throughout the years, these algorithm is faster and more
accurate by developed different techniques. Which helps the
algorithms to find the optimal solutions more efficiently. This
section analyzes the existing literature on optimization tech-
niques. It highlighting their strengths and limitations and
positioning the Raute Algorithm as an innovative approach
[6-20].

2.1. Classical Optimization Algorithms

The gradient-based techniques and linear programming are
traditional optimization methods have long been employed to
solve mathematical optimization problems. Within these,
Gradient Descent (GD) is widely used in fields like deep
learning and numerical optimization. It iteratively updates
parameters based on the gradient of the objective function.
However, GD struggles with non-convex and multimodal
functions where multiple local optima can hinder the algo-
rithm’s ability to converge to the global optimum. Newton’s
Method is another commonly used effective method for
quadratic convergence and is known for its rapid convergence
in specific cases. It requires second-order derivatives and
computationally expensive and make the method less suitable
for large-scale problems. Linear and nonlinear programming
methods like the Simplex and Interior-Point techniques.
Which are really good at solving problems where the best
solution lies in a smooth and predictable landscape, relatively
like finding the lowest point in a gentle and bowl-shaped
valley. These methods work well when there's only one clear
best answer., These classical approaches face several limita-
tions although their utility. They are highly dependent on
mathematical model and restricting their effectiveness in
real-world applications where uncertainty and non-linearity
are prevalent. Moreover, many of these methods are sensitive
to initial conditions which leading to poor convergence or
even failure to find the optimal solution in rugged or complex
landscapes. They tend to be computationally inefficient when
applied to high-dimensional and nonlinear optimization
problems are dimensionality of the search space and the
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complexity of the objective function impose significant
computational complexity [11-19].

2.2. Evolutionary & Swarm Intelligence-Based
Algorithms

The metaheuristic algorithms have gained significant at-
tention due to the limitations of classical methods. These
techniques are inspired by biological, social, and physical
phenomena which offering better exploration to exploitation
balance.

Genetic Algorithm (GA) is introduced by Holland in 1975.
It works like as natural selection, mutation, crossover and
selection to improve solutions over multiple generations. GA
is broadly used in machine learning, scheduling and optimi-
zation because it can analyze large sets of optimum solutions.
So, it has some difficulties such as high computational cost
and the risk of getting stuck in less-than-optimal solutions.

Likewise, Particle Swarm Optimization (PSO) is devel-
oped by Kennedy and Eberhart in 1995.This is driven from
bird flock and fish schooling. Particles adjust their positions
based on their own personal best results and the optimal
result found by the group. It is well-known for optimization
problems because it is fast and easy to implement. Moreover,
it can get stuck sometimes in local solutions due to a lack of
diversity and making it less effective in complex problems
[20-29].

Ant Colony Optimization (ACO) is developed by Dorigo in
1996. This model is pheromone-laying behavior of ants and
allowing it to find optimal paths in combinative problems.
ACO has been broadly used in areas such as routing, sched-
uling, and other optimization tasks. ACO faces slow conver-
gence and is highly sensitive to parameter tuning although its
effectiveness. ACO can make it challenging to implement in
multiple problem domains.

Eventually, Differential Evolution (DE) is introduced by
Storn and Price in 1997 which is an optimization technique
that uses a combination of mutation, crossover and selection
to find optimal solutions. DE is noted for its simplicity and its
strong exploration capabilities which is making it effective in
handling complex optimization problems. Moreover, DE also
influenced from a lack of adaptability in dynamic environ-
ments. Where its performance may degrade when the solution
space is constantly changing [30-41].

2.3. Nature-Inspired Optimization Techniques

A number of recent advancements in metaheuristics take
inspiration from natural and social systems.

2.3.1. Grey Wolf Optimizer (GWO)

In 2014, Mirjalili et al. introduced the Grey Wolf Optimizer
(GWO). This is an algorithm influenced by the hierarchical so-
cial structure and hunting behaviors of wolf packs. The GWO
shows the leadership dynamics within a wolf pack and alpha
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wolves lead the hunt, where the other wolves follow a strategy
that balances exploration and exploitation. This hierarchical
structure allows the algorithm to efficiently direction the solution
spaces and maintaining a strong exploration-exploitation balance
which strengthen its ability to avoid local optima while con-
verging towards global solutions. Moreover, GWO faces chal-
lenges when applied to complex and high-dimensional spaces
despite its strengths. The algorithm displays slow convergence in
such environment as the balance between exploration and ex-
ploitation becomes harder to maintain. Which leading to ineffi-
cient search processes. Although this limitation, the GWO re-
mains a highly effective and broadly studied method for opti-
mization, particularly in problems where a structured, na-
ture-inspired approach can be utilized [42-50].

2.3.2. Firefly Algorithm (FA)

Yang introduced the Firefly Algorithm (FA) in 2008. This
is an optimization technique driven by the light-based attrac-
tion exhibited by fireflies in nature. The Firefly Algorithm
works by replicating how fireflies use their glow to attract
others. The brighter fireflies represent better solutions and the
others move toward them in this solution which helping to
find the best answer. This makes the algorithm great at
searching for solutions in a smart and flexible way which
quickly focusing on the beneficial options.

Furthermore, while it works really well for smaller problems
and it can slow down when dealing with larger ones. Although,
there is problem to manage lots of fireflies and keeping track of
their movements becomes less efficient, it’s a powerful tool and
especially for problems where nature-inspired searching meth-
ods can give good results [51-60].

2.3.3. Cuckoo Search Algorithm (CSA)

Cuckoo Search Algorithm (CSA) is introduced by Yang
and Deb in 2009. This is driven from cuckoo brood parasitism
and the Lévy flight mechanism to enhance exploration capa-
bilities in optimization problems. CSA integrates a unique
search approach that combines local refinement with
long-range exploration by copying the cuckoo’s reproductive
strategy in which eggs are laid in the nests of other bird spe-
cies. The algorithm can get away from local traps and enhance
its power to search for better solutions by using Lévy flights.
Although the balancing between exploring new possibilities
and enhancing the current one makes CSA a strong tool for
solving complex problems, it requires a lot of computing
power to carry on the proper equilibrium between searching
widely and focusing on the optimum solutions in large-scale
tasks. CSA is broadly used in many scientific and engineering
fields, regardless of this difficulty [61-69].

2.4. Social and Cultural-Influenced
Optimization Approaches

Some algorithms are driven from human actions and social
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framework beyond biological metaphors.

2.4.1. Teaching-Learning-Based Optimization
(TLBO)

The Teaching-Learning-Based Optimization (TLBO) al-
gorithm is presented by Rao et al. in 2011. This is derived
from the manner in which knowledge is shared in a classroom.
It works by replicating how teachers transfer knowledge and
how students learn and enhance their skills. It does not require
specific control parameters and is easy to use. It is an efficient
optimization technique that is easy to use but requires careful
fine-tuning compared to other methods. TLBO is broadly
used for solving many optimization problems and it requires
any minimal adjustments. Moreover, it struggles in situations
that change frequently while it works well for stable problems.
It has difficulty adapting to rapidly changing conditions and
less effective for real-time or highly dynamic problems.
TLBO remains an important and broadly used technique in
optimization and nature-inspired computing [70-78].

2.4.2. Political Optimizer (PO)

The optimization algorithm developed by Abdi et al. (2020)
derives its concept from political process models. The opti-
mization technique applied association and transformation
methods during an enhanced optimization process and flexi-
bility improvement. The algorithm shows good adaptability to
environmental changes because of its ability to avoid weak
solutions. The main challenge lies in precisely adjusting sev-
eral parameters due to their complexity that hinders the
achievement of peak performance. Resistance to implemen-
tation grows as extensive complex problems require speed
and efficiency since the method becomes impractical. Despite
its restrictions the algorithm demonstrates the concepts of
political models to establish better adaptable and sophisticated
optimization approaches [79-84].

2.5. Nomadic and Migration-Based
Optimization

Researchers have driven this optimization algorithm from
how nomads and migrating society adapt and survive to de-
velop intelligence decision making methods. The Tribe Mi-
gration Algorithm (TMA) is such a method influenced from
how indigenous groups relocate and evolve to their environ-
ment for optimal innovation and solutions (Pham et al., 2011).
In the same way, various optimization methods have been
created through observation at both human and animal relo-
cation trend to enhance the ways to resolve issues (Li & Li,
2017).These approach make use of the versatility and adapt-
ability seen in relocation. The nomadic people helps to iden-
tify optimum solutions more efficiently through ideas such as
motion, resource management and strategic planning based on
hierarchy. These strategies derived from migration prove
better in complex and fast-changing environments relative to
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traditional approaches to problem-solving techniques [85-90].

2.6. Aligning of the Raute Algorithm

The Raute Algorithm enhances current optimization
methods with a new model for movement based on both hi-
erarchical migration and resource. Raute nomadic community
adaptive survival strategies inspired these algorithms. In
contrast to conventional search-based approaches that suffer
from earl termination due to being trapped in local solutions
due to fixed search patterns [90-94]. This, the algorithm de-
vises shift the exploration based on the problem. This allows it
to explore a wide variety of solutions and not become stuck
too early. Furthermore, its resource based movement mecha-
nism enables an effective orientation within unified search
spaces and this algorithm guarantees that exploration is de-
termined by environmental conditions and not by certain
external settings. Raute Algorithm has a distinctive hierar-
chical leadership structure that emulates nomadic survival
techniques to mordant [95-103].

2.7. Summary & Research Gaps

The literature review reveals various critical insights re-
garding optimization methodologies. Gradient Descent (GD)
and Linear Programming (LP) are Classical approaches,
which demonstrate significant limitations when applied to
highly nonlinear and complex optimization problems usually
failing to escape local optima. In the other hand, evolutionary
algorithms like Genetic Algorithms (GA), Particle Swarm
Optimization (PSO), and Differential Evolution (DE) shows
the superior global search capabilities but some are prone to
particularly stagnation in high-dimensional search spaces.
Moreover, nature-inspired optimization techniques are Grey
Wolf Optimizer (GWO), Firefly Algorithm (FA), and Cuckoo
Search Algorithm (CSA), which optimized adaptability
through decentralized decision-making mechanisms. Alt-
hough, their performance is highly sensitive to parameter
tuning, requiring broad calibration for optimal results. A
common issue with current migration-based optimization
methods is that they don’t have a clear decision-making
structure and which is making it harder for them to adapt and
perform well in changing environments. We need new ap-
proaches that merge well-organized migration strategies with
flexible decision-making to fix this. This would help enhance
efficiency and make these methods work better across dif-
ferent applications.

2.8. Research Gaps Addressed by the Raute
Algorithm

One of the biggest challenges in optimization algorithms is
their inability to adjust their approach based on available
resources. Most traditional methods follow fixed patterns and

which makes it hard for them to adapt when conditions change.
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This usually leads to inefficiencies and prevents them from
finding the best possible solutions. Another ongoing chal-
lenge is striking the right balance between searching for new
solutions and improving existing ones.

The Raute Algorithm takes inspiration from the way no-
madic society make decisions. Which allowing it to be more
flexible and avoid getting stuck. This approach helps it re-
spond smoothly to changing conditions unlike many tradi-
tional algorithms that struggle in unpredictable situations.
Due to this, the Raute Algorithm is more consistent and effi-
cient when solving complicated problems.

3. Methodology

Mathematical model of raute algorithm

The Raute Algorithm can be formulated as an adaptive
metaheuristic algorithm designed for optimization problems.
Which helps to resembling the Raute community's movement
patterns and decision-making hierarchy.

3.1. Problem Formulation

Let the optimization problem be defined as:

minf (X)or maxf(X) (1
where

X = {x4, x5, x3, X, }is the set of the decision variables
and f(X) is the objective function.

The algorithm searches for the optimal X*

X* = argminf(X) or X* = argmaxf(X) 2

Constraints: g;(X) < 0,h;(X) = 0 ensuring feasible solu-
tions
3.2. Population Representations

Each Raute agent (individual in the search space) repre-
sents a potential solution:

Xt = (XL, X5, X5, .. X5} 3)

Where X! isthe position of ith Raute individual at iteration
t
N is the total number of agents

3.3. Movement Strategy (Nomadic Search)

The Raute people constantly move in search of better re-
sources and resembling an exploration-exploitation balance.

3.3.1. Exploration (Random Search)

This is inspired by their roaming nature and movement in
an unknown landscape which is as follows:
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XiHl=Xit+w*q(Xl€est_Xit)+;E*e @

Where,
¥ is the random coefficient ¥~ U(0,1)

UT is the learning factor which controlling the step size to-

wards the best-known solution
X! is the best position at iteration t

% is a randomness factor and e~N (0, o) is Gaussian noise
for stochastic movement.

3.3.2. Exploitation (Social Influence)

The decision-making hierarchy of the Raute community
means agents are influenced by a leader (Mukhiya). Which is
similar to elite selection in optimization:

Xit+1 = Xlteader + 3 R(Xﬁeighbor - Xlt) (5)
where:
XL aaer is the position of the best-performing agent
Mukhiya
Xfleighbor is a randomly selected neighbor’s position

3 is a social learning factor

3.4. Resources Based Decision Making

The Raute do not settle permanently but change locations
based on available resources. We introduce a resource evalu-
ation function

Rf = YL wjry; (6)

Where 7;; is the availability of resource j at position i
and w; is the weight asigned to resource j

if R is falls below a threshold R,,;,movement is trig-
gered

3.5. Migration Probability Function

Agents move with probability

t
_ - R

t
Pmove -

(7

Rthreshold

Where lower resource availability Rf increases the like-

lihood of movements.

3.6. Algorithm Terminations

The raute algorithm stops when Maximum iterations Ty,q,
are reached

No significant improvement is the best solutions over
t iterations

|f(XlE:slt)_ f(Xlgest)‘S € (8)

4. Test & Validations

4.1. Mathematical Definition

The Rastrigin function is a well-known test function in op-
timization. Which is particularly used for evaluating the per-
formance of optimization algorithms in integrated search
spaces. It is mathematically defined as:

fX)=An+ Xilx — Acos(2mx)] )

Where X = {(xq, x5, X3, cor on. Xn} represents an
n-dimesional input vector and A is a constant which is set to
10.The domain of each x; is usually [-5.12,5.12]

4.2. Result & Discussions

The Raute Algorithm is analyzed using the well-known
Rastrigin function. This is a common benchmark for exam-
ining optimization algorithms because of its challenging en-
vironment with several local optima. It is relative to effec-
tively established methods like Particle Swarm Optimization
(PSO), Genetic Algorithm (GA) and Differential Evolution
(DE). Its execution is evaluated in terms of accuracy, speed
and reliability.

4.2.1. Speed and Accuracy

Average algorithmic challenges per iteration of conver-
gence speed and accuracy details are as follow:

Table 1. Test Function, Accuracy and Average Iterations for the Rastrigin Test function.

Algorithm Test Function

Raute Algorithm Rastrigin 99.8%
Particle Swarm Rastrigin 95.3%
Genetic Algorithm Rastrigin 93.5%

Accuracy (Global Minima)

Avg. Iterations to Convergence

200
350
400
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Algorithm Test Function Accuracy (Global Minima) Avg. Iterations to Convergence

Differential Evolution Rastrigin 94.8% 320

4.2.2. Convergence Comparison

The graph below shows the convergence rates of the Raute Algorithm relative to Particle Swarm Optimization (PSO) and
Genetic Algorithm (GA).

Convergence Comparison of Algorithms
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Figure 4. Convergence comparison of different algorithms.
This Raute Algorithm combines nomadic exploration, hierarchical decision making and resource based relocation. Which
supports the development of dynamic optimization problems solving, scheduling and Al-based search strategies.

4.2.3. Feature Comparison Table

Table 2. Feature comparision of PSO, ACO and Raute Algorithm.

Feature PS.O (.Partlcle Swarm Opti- 1§CO (Ant Colony Optimiza- Raute Algorithm

mization) tion)
. L lose to global Moderat be stuck in local .

Final Error (Best Value Found) ow (close to globa oderae (may be stuck in loca Varies (depends on parameters)
minimum) minima)

Convergence Speed (Iterations to F.ast (converges in fewer itera- Slow (requires more iterations) Medium (depends on step size)

le-3 Error) tions)

Exploration Capability (Std Dev of Medium (balanced glob- High (wide search but slow High (good for avoiding local

Positions) al/local search) exploitation) minima)

Computational Time (Seconds) Fa'st (low complexity per iter- ~ Moderate (requires pheromone Medium (depends on move-
ation) updates) ment strategy)

Bobusmess (Final Solution Varia- High (consistent results) Moderate (depends on phero- Medium (depends on tuning

tion) mone decay) parameters)
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4.3. Applications of the Raute Metaheuristic
Algorithm

The Raute Algorithm’s adjustability and adaptability allow
it to be used in various real life challenges which are including
as follow:

1) Engineering Optimization: Structural pattern, energy

systems and robotics.

2) Data Science: Feature collection, clustering and param-

eter tuning.

3) Supply Chain Coordination: Routing, scheduling and

supply control.

4) Artificial Intelligence: Neural network training and

strengthening learning.

This algorithm preserves their cultural heritage as well as
delivers a impactful strategy to resolve complex optimization
challenges in today's world by driven inspiration from the
principles of the Raute community.

5. Conclusions

This research paper presents a new optimization method
called Raute Algorithm, driven form the nomadic lifestyle and
survival strategies of Nepal’s Raute society. The algorithm
successfully addresses complex optimization problems by
balancing exploration and enhancement through the use of
structured problem solving approach and relocation movement
based on available resources. The broadly testing Rastrigin
function shows that the Raute Algorithm overtakes well-known
methods like Particle Swarm Optimization (PSO) and Ant
Colony Optimization (ACO) in terms of speed, accuracy and
reliability. This results display its ability to avoid getting stuck
in local optima, efficiently resolving capacity of complex
problem spaces and adapting dynamically changing sit.

Abbreviations

ACO Ant Colony Optimization

Al Artificial Intelligence

CSA Cuckoo Search Algorithm

DE Differential Evolution

DMH Dynamic Metaheuristic Heuristic
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